This study aims to identify a genetic predisposition score from a set of candidate gene variants that predicts the response to a one-year exercise intervention. 200 participants (aged 60-83 years) were randomly assigned to a fitness (FIT), whole-body vibration (WBV) and control group. Participants in the exercise (FIT and WBV) groups performed a one-year intervention program. Whole-body skeletal muscle mass (SMM) and isometric knee extension strength (PT IM60 ) were measured before and after the intervention. A set of 170 muscle-related single nucleotide polymorphisms (SNPs) were genotyped. Stepwise regression analysis was applied to select significantly contributing SNPs for baseline and relative change parameters. A data-driven genetic predisposition score (GPS) was calculated by adding up predisposing alleles for each of the phenotypes. GPS was calculated based on 4 to 8 SNPs which were significantly related to the corresponding phenotypes. These SNPs belong to genes that are involved in myoblast differentiation, muscle and bone growth, myofiber contraction, cytokines and DNA methylation. GPS was related to baseline PT IM60 and relative changes of SMM and PT IM60 in the exercise groups, explaining the variance of the corresponding parameter by 3.2%, 14% and 27%, respectively. Adding one increasing allele in the GPS increased baseline PTIM 60 by 4.73 Nm, and exercise-induced relative changes of SMM and PT IM60 by 1.78% and 3.86% respectively. The identified genetic predisposition scores were positively related to baseline knee extension strength and muscle adaptations to exercise in healthy elderly. These findings provide supportive genetic explanations for high and low responders in exercise-induced muscle adaptations.
Introduction
Increasing longevity throughout the world in recent decades has brought healthy aging to the attention of both gerontology and kinesiology researchers. Past studies have found a loss of muscle mass and decrease in muscle performance as two of the most prominent features during the aging process. Such age-associated muscular decline is known as sarcopenia (International Working Group on Sarcopenia, 2011). Using magnetic resonance imaging, Janssen et al. discovered an onset of muscle mass degeneration among subjects in their thirties, with the decay reaching a significant level in the fifth decade (Janssen et al., 2014) . This decrease was mainly caused by the loss of muscle mass in the lower body (Janssen et al., 2014; Visser et al., 2002) . Similar to muscle mass loss, muscle strength also decreases with aging, but at a faster rate . This functional weakness is thought to be associated with many factors such as denervation in aged muscle (Aare et al., 2016) , declined function in mitochondria (Porter et al., 2015; Short et al., 2005) , elevated type I/type II fiber ratio (International Working Group on Sarcopenia, 2011; Malafarina et al., 2012) and alteration in contractile properties (Gajdosik et al., 1999) . Consequently, these alterations in muscle morphology and function are closely related to decreased mobility (Visser et al., 2005) , higher risk of falls (Landi et al., 2012) , and even increased mortality rate in elderly population.
It is now well established that regular participation in exercise programs can help reduce age-associated functional declines. Multiple exercise protocols have been reported as effective in slowing the muscular aging process. Resistance training and combined aerobic and resistance training have been proven to maintain muscle performance (Ferrari et al., 2016; Kanegusuku et al., 2015; Liberman et al., 2017) . For instance, a 26-week exercise intervention in obese elderly found an 18% improvement in strength after combined aerobic and resistance training and a 19% strength increment after resistance training (Villareal et al., 2017) . Muscle power output and muscle maximal strength were also enhanced in response to different training strategies in healthy elderly (Cadore et al., 2014) . Meanwhile, whole-body vibration (WBV) training has been introduced as an alternative for resistance training. Through external vibrations exerted by vibration platform, sensory receptors-mostly muscle spindles-are stimulated. Such process results in the activation of alpha-motor neurons and muscle involuntary contractions (Roelants et al., 2004) . WBV-induced adaptations in aging muscle mass and strength have been reported by several studies (Kennis et al., 2013; Machado et al., 2010) . Despite the benefits of exercise, muscle strength and mass adaptations after resistance training showed individual response variability (muscle size change ranging from −11 to 30% and leg strength change ranging from −8 to 60%) among subjects, regardless of age and sex (Ahtiainen et al., 2016) . Similar interindividual ranges in responses are reported for elbow strength in the FAMUSS study (Hubal et al., 2005) . From the findings of previous studies on the relations between inherited characteristics and physical adaptations to exercise, Thomaes et al. found coronary artery disease (CAD) patients with profitable genes had a significantly higher probability to belong to the high responder group (10% highest increases in peakVO 2 ) (Thomaes et al., 2011) and show higher strength gains (Thomaes et al., 2013 ) after a three-month ambulatory supervised exercise training. These findings indicate that genetic factors might be partly responsible for the variance of physical adaptations after training.
Since early reports on exercise capacity-related genes at the end of twentieth century (Bouchard et al., 1992; Montgomery et al., 1998) , many studies have shown the relation between hereditary characteristics and physical performance (Calò and Vona, 2008) . A recent study done by Papadimitriou et al. on male Caucasian sprinters found that ACTN3 577RR carriers had faster sprint time than their homozygous X allele counterparts and 577R allele counted for nearly 1% of sprint time variance (Papadimitriou et al., 2016) . Petr et al. discovered that relative peak power measured by Wingate test among elite male ice hockey players was positively related to PPARA gene C allele carriers (Petr et al., 2014) . However, a considerable number of these studies focused merely on one or a limited number of genes. Considering that muscular performance is affected by the combined influences of multiple genes, a new method needs to be applied in order to study the overall effect of multiple gene sequence variants. Candidate-gene based genetic predisposition score (GPS) have gradually been introduced into predicting performance-related phenotypes. Only a limited number of GPSs come from identified sequence variants from Genome Wide Association Studies (GWAS) when exercise-response phenotypes are concerned. The Heritage Family Study provided evidence for GWAs-based predictive GPSs for the responses in submaximal and maximal oxygen uptake after aerobic training (Bouchard et al., 2011) . A more general approach is to build a GPS by summing up the number of predisposing alleles that are significantly related to corresponding phenotypes based on candidategene association studies. By means of GPS, heritability studies have been able to show the role genetic factors play in the changes of muscular phenotypes following exercise interventions. Through calculating endurance-specific genetic scores, Santiago et al. found higher mean genetic scores in elite endurance athletes compared to controls (Santiago et al., 2010) . Ruiz et al. showed that professional rowers had more preferable genotypes than subjects from the general population (Ruiz et al., 2009) . In the studies of exercise interventions on patients with coronary artery disease, Thomaes et al. found data-driven GPS significantly related to increments of peak VO 2 (Thomaes et al., 2011) and muscular phenotypes (Thomaes et al., 2013) after training. To the best of our knowledge, no studies have been performed combining muscle-related genes with GPS to explain baseline muscular phenotypes and exercise-induced muscular changes in a healthy elderly population. Yet, such studies might be helpful in better understanding individual adaptive variance after exercise and can be useful for the design of more individualized exercise regimens in the future.
Therefore, the aim of present study was to assess the predictive power of data-driven GPSs on baseline muscular phenotypes and muscle adaptations to exercise in a healthy elderly population. We hypothesized that elderly people with a higher GPS have a higher baseline value and greater muscular improvement than those with a lower GPS.
Materials and methods

Subjects
Elderly people between 60 and 83 years old were recruited from the local communities of the city of Leuven and its surrounding areas. This sample was previously described in the study of Bogaerts et al. (2009) , which studied effects of whole-body vibration (WBV) and fitness (FIT) training on muscle strength in elderly. All the subjects went through a series of medical examinations. Exclusion criteria were skeletal, neuromuscular and cardiovascular disorders that may prohibit training and strength-related tests. People with training experience in the past two years were also excluded. This study was approved by the University's Human Ethics Committee in accordance with the Declaration of Helsinki. Informed consent was given by each subject. 200 participants (104 men, 96 women) agreed to provide a blood sample for DNA analyses and their data were analyzed in this study (see flowchart Fig. 1 ).
Training protocols
Of the 200 participants providing a blood sample, 54 of them performed the fitness program (FIT group), 85 of them were in the WBV group and the rest were control subjects (CON group). Subjects in the FIT and the WBV groups were trained three times a week on nonconsecutive days over a period of one year. All training programs were performed at Leuven University's Training Center under the guidance and supervision of qualified health and fitness instructors (Bogaerts et al., 2009) .
The training program in the FIT group consisted of aerobic, resistance, balance and flexibility training. It was designed based on the exercise prescriptions for elderly recommended by American College of Sports Medicine (ACSM) guidelines (American College of Sports Medicine, 2000) . Subjects firstly performed the aerobic session through one of the four exercises: walking, running, cycling or stepping. The training intensity varied from 70% to 85% of the individual heart rate reserve. The duration of this session was 20 min in the starting week and was gradually increased to 45 min by the end of the 1-year program. In the resistance training session, subjects performed leg press, leg extension, leg curl (lower body), chest press, upper back, shoulder press, vertical traction, arm curl (upper body), abdominal crunch and back extension (abdominal region) on strength equipment (Technogym Systems, Gambotella, Italy). One repetition maximum (1-RM) of each exercise for each participant was assessed by qualified health and fitness instructors once a month. The training load started at 50% of 1-RM with 15 repetitions and was gradually increased to 80% of 1-RM with 8 repetitions. 15 min of balance exercise and 10 min of stretching were performed after each training session. The training programs were described in detail in the study of Bogaerts et al. (2009) Subjects in the CON group did not undertake any training program. They were advised to maintain their original lifestyle during the study and to not engage in any new physical activity.
Genotyping
A 4.5 ml blood sample of each participant was collected from an antecubital vein in an EDTA-coated tube. Genomic DNA was extracted using the chemagic Magnetic Separation Module I (chamagic MSM I, PerkinElmer Inc., Waltham, MA, USA) according to the instructions of the manufacturer. Genotyping was done with the Illumina GoldenGate platform (Illumina, Inc., San Diego, CA, USA) at the Genomics Core Facility (UZ/KU Leuven). The selection of genes was based on published articles (up to August 2014) and expression quantitative trait loci (eQTL) analysis. A detailed description of the selection process can be found in the study of Charlier et al. (2017) ). These potential candidate genes were identified for muscular strength or muscular endurance development or regulation. 224 single nucleotide polymorphisms (SNPs) (Supplementary Table 2 ) came out as muscle-related SNPs. Through blood testing, 12 SNPs failed to be tested out and 3 SNPs presented the same genotypes among all subjects. Those 15 SNPs were ruled out from the 224-SNP pool. Results of linkage disequilibrium test showed that 58 SNPs were highly linked as 19 subgroups and one representative SNP was selected from each of these subgroups. A total number of 170 SNPs were withheld for further analyses.
Muscular phenotype measurements
Whole-body skeletal muscle mass (SMM) was calculated through bioelectrical impedance analysis (BIA). Resistance of BIA was measured by Bodystat 1500MDD (Bodystat Ltd., Douglas, UK) before and after the one-year intervention. Before the test, participants were asked to lie down in a supine position for one minute. During the measurement, two electrodes were placed on the right hand and right foot as instructed in the manual. SMM was calculated for further analyses, using the following regression equation that has been assessed for validity in elderly participants (Janssen et al., 2000) : SM mass (kg) = (Ht 2 / R × 0.401) + (sex × 3.825) + [age × (−0.071)] + 5.102 where Ht stands for height in centimeters; R stands for BIA resistance in ohms; in sex, men = 1 and women = 0; age is in years. Biodex Medical System 3 dynamometer (Biodex Company, New York, USA) was used for the measurement of isometric knee extensor strength. This measurement was done by the same operator before and after the intervention. Before testing, participants were asked to complete a 5-min warm up on a free-loaded ergometer. Two practice trials were performed to allow for a better understanding of the measuring process. Maximal isometric knee extension strength was evaluated at knee flexion angles of 60°(PT IM60 in Nm) with 0°representing full extension.
Statistical analyses
All the data were reported as mean ± standard deviation (SD) and were analyzed using SAS statistical software version 9.4 for Windows (SAS Institute Inc., Cary, NC). Stepwise regression analysis was first used in the detection of SNPs that were significantly related to muscular phenotypes. The significance level to entry was 0.1 and that to stay in the model was 0.05. Alleles that were found positively related to muscular phenotypes from the analysis were regarded as phenotyperelated predisposing alleles. Based on the selected significant SNPs from stepwise regression analysis, muscular phenotype-related GPS was calculated with the method used in the calculation of data-driven GPS in the study of Charlier et al. (2017) . Since the weights of alleles in muscle-related SNPs were not well defined, an accumulative effect was hypothesized and equal weight was given to each predisposing allele. Thus, data-driven GPS of each individual was calculated by adding up all the corresponding predisposing alleles. For example, if the T allele in the rs1130214 of the AKT1 gene (with T/G alleles) is found to be significantly favorable for ΔPT IM60 in the exercise groups, the genotype score of the AKT1 gene variant is based on the number of T alleles: L. He et al. Experimental Gerontology 111 (2018) 17-26 TT = 2, TG = 1 and GG = 0. The ΔPT IM60 -related GPS is then calculated by summing up all genotype scores for SNPs that are found significantly related to PT IM60 change. If e.g. 8 SNPs contribute to the GPS, a maximal value of 16 represents the most optimal genetic profile and a value of 0 the worst possible genetic profile (no favorable alleles). Two-way analysis of variance (ANOVA) was applied to compare between-group values of baseline and one-year relative changes with sex and group as factors. Bonferroni method was used as post-hoc test. Repeated measures ANOVA was used for within-group comparisons of muscular phenotypes between baseline and post-intervention level with sex as a factor. To analyze the effect of GPS on baseline muscular parameters, analysis of covariance (ANCOVA) was performed with age, height, sex and baseline SMM as covariates. To explore the genetic influence on muscle adaptation to exercise, relative changes of muscular phenotypes in exercise groups were used. The relations between GPS and phenotypic changes after exercise were analyzed through ANCOVA with age, height, sex and corresponding baseline muscular value as covariates. P value of 0.05 was set as the level of significance.
Results
Descriptive data
Descriptive data of subjects in each group are presented in Table 1 . Participants in the three groups had similar age, height and body mass before the intervention. No significant difference in body mass was found among the three groups after one year.
Baseline muscular phenotypes and training effects
The baseline values and training effects of muscular phenotypes are presented in Table 2 . At baseline level, SMM and PT IM60 showed no significant difference among groups (p = 0.486 and p = 0.805, respectively). Significant increases of SMM (CON: p < 0.001, FIT: p = 0.006, WBV: p = 0.029) were found in all groups after one year, but these changes among the three groups did not show any differences (p = 0.299). After one-year training, PT IM60 increased significantly in the two exercise groups (FIT: p < 0.001, WBV: p < 0.001) while the CON group did not change significantly (p = 0.744). Moreover, twoway ANOVA results showed significant differences in relative changes of PT IM60 among the three groups (p < 0.001). Post-hoc test further showed that the exercise groups increased significantly more than the CON group (p < 0.05).
Relations between GPS and muscular phenotypes
SNPs closely related to muscular phenotypes were selected through stepwise regression analysis (Supplementary Table 3 ). Considering that SMM and PT IM60 at baseline level were not different among CON, FTI and WBV groups (Table 2) , baseline data of the three groups were analyzed together in stepwise regression analysis. Linear relations between GPS and corresponding muscular phenotypes at baseline level are shown in Table 3 . Since stepwise regression was made separately on each muscular parameter, the number of data-driven SNPs varied with each parameter. As presented in Table 3 , four SNPs (ACVR1B: rs2854464; FST: rs3797297; IGFBP3: rs3110697; TTN: rs10497520) were found significantly related to baseline PT IM60 . Data-driven GPS could explain 3.2% of the variance in isometric knee extensor strength. Adding one increasing allele within the GPS increases baseline PT IM60 by 4.73 Nm. Results from ANCOVA analysis showed that sex, age and baseline SMM were also significantly related to baseline PT IM60 . Although five SNPs (ACVR1B: rs2854464; IGFBP3: rs3110697, rs6670; MTRR: rs327588; VDR: rs731236) were found to be closely related to baseline SMM, ANCOVA result did not show a significant relation between baseline SMM and the GPS score (p = 0.250).
Relations between GPS and training responses of SMM and PT IM60 in FIT and WBV groups are presented in Table 4 . Since no significant differences of relative changes were found between FIT and WBV groups (Table 2) , data in these two exercise groups was analyzed together. SNPs closely related to muscle adaptations were selected through stepwise regression analysis (Supplementary Table 3 ). Six SNPs (CCL2: rs4586; CCR2: rs768539; GR/NR3C1: rs6190; METTL21C: rs2390760; MSTN: rs2390760; SPP1: rs10516796) were found significantly related to SMM changes in the exercise groups. As Table 4 shows, GPS, sex, height and baseline SMM were closely related to SMM changes in the exercise groups. Age and training methods (FIT or WBV) did not significantly affect the changes over the one year period. The genotypic predisposition score alone could explain 14% of the adaptive change in SMM and adding one increasing allele to the GPS is associated with a 1.78% increase in SMM change. Eight SNPs (AKT1: rs1130214; DNMT3L: rs7354779; IGFBP3: rs3110697; IL15RA: rs2228059; MSTN: rs1805086; MTRR: rs162040, rs7703033; SPP1: rs10516796) were found to be significantly associated with the change in knee extensor strength by training. The analysis showed that GPS, sex and baseline PT IM60 were closely related to PT IM60 change in the exercise groups. GPS alone could explain 27% of the adaptive change. Moreover, increasing the GPS with one predisposing allele is associated with a 3.86% increase in knee extensor strength after training.
The distribution of GPS and its linear relation with muscular parameters are presented in Figs. 2 and 3 . Values for GPS with less than three subjects were pooled together at the lower and upper end of the distribution. As shown in the graphs, at baseline level, subjects with a L. He et al. Experimental Gerontology 111 (2018) 17-26 higher GPS had higher baseline muscle mass and knee extension strength. Higher data-driven GPS is also associated with a larger increment in SMM and PT IM60 after one year of exercise training.
Discussion
This study developed GPS to explain the effects of genetic factors on baseline muscular phenotypes and exercise-induced muscular changes in a healthy elderly population. Unlike previous research that studied muscular phenotypes with single or small number of genes, this study was based on 170 SNPs which were selected from a potential set of 224 muscle-related SNPs. Considering the fact that muscular phenotypes are the result of multifactorial and polygenic effects, a larger SNP pool might better explain genetic influences. Although the GPSs were calculated based on a limited subset of these SNPs, they were positively related to baseline PT IM60 and changes of SMM and PT IM60 in the exercise groups after one year of training. A genetic predisposition score based on 4 to 8 SNPs explained 0.7 to 3.2% of variance in baseline and 14 to 27% in the inter-individual changes in response to training.
Genetic predisposition scores
The specific set-up of this one-year exercise intervention program in elderly subjects and the multi-gene variant approach makes comparisons with other studies difficult. When considering knee extension strength in the untrained state, Thomaes et al. (2013) showed no relation between a GPS and isometric knee extension strength in CAD patients, while our study showed that a higher GPS was positively related to a higher baseline PT IM60 . Although no common SNPs were found between our study and the study of Thomaes et al. in the aspect of knee isometric strength, overlapping SNPs were found in other muscular phenotypes with GR rs6190 and MSTN rs3762546 closely related to relative change of SMM in our study and relative change of rectus femoris diameter in response to a three-months exercise training in the study of Thomaes et al. (2013) . A significant relationship between a GPS and isometric knee extension strength was also reported in the study of Charlier et al. (2017) . With a larger life span sample (200 women, 365 men, 19-73 yr) of adults, a partial r-squared of 5.4% of a GPS based on 8 SNPs was within the same range as 3.2% in our study regarding baseline PT IM60 .
Based on the results of ANCOVA in the exercise groups after training, GPSs explained 14% of the variance of SMM change and 27% of that in PT IM60 . For each increasing allele within the GPS, SMM is predicted to increase by 1.78% and knee extension strength is estimated to gain by 3.86%. Follow-up analysis of the separate training groups (results not shown) indicated that the explained variance for GPSs in the strength response were similar. However, for the response in muscle mass, the GPS in the FIT group had higher predictive value (r 2 = 30.8%) compared to the WBV group (r 2 = 6.2%). In the CARE-GENE study (Thomaes et al., 2013) , the relation between muscular phenotypes and a data-driven GPS based on a 54-SNP pool was studied among CAD patients after a 3-month cardiac rehabilitation training. A GPS based on two SNPs explained 6.25% of the variance in individual responses in isometric knee extension strength. Differences in training programs, duration, SNP pool and subject characteristics might contribute to the difference in the predictive power of GPSs in both studies.
Which gene variants contribute to the genetic predisposition profiles?
Through stepwise regression analysis (Supplementary Table 3 ), six genes were found closely related to baseline SMM and PT IM60 . Among these genes, two of them (ACVR1B: rs2854464, IGFBP3: rs3110697) were associated with both parameters. Windelinckx et al. had found SNP rs2854464 in ACVR1B gene to be strongly associated with isometric knee extensor strength with the A-allele as the strength increasing allele (Windelinckx et al., 2011) . However, no associations between the A-allele and sprint/power performance were also reported in either athletes or control groups from Brazilian (Voisin et al., 2016) and Japanese populations (Miyamoto-Mikami et al., 2017) . Based on our data-driven analysis, the G-allele was found predisposed to a higher isometric knee strength and a larger muscle mass. The IGFBP3 gene was selected into this study because it facilitates myoblast differentiation; specifically the production and secretion of insulin-like growth factorbinding protein 3 (IGFBP3) was in accordance with the differentiation level of myoblast (Foulstone et al., 2003) . Rs3110697 in the IGFBP3 gene was reported as one of the polymorphisms closely related to IGFBP3 blood levels. G-allele carriers were found with higher plasma IGFBP3 level than homozygous A genotypes (Cheng et al., 2007) . This is in line with our finding that the G-allele was positively related to baseline muscular phenotypes. The initial 170 muscle-related SNP pool included several genetic variants in the FST gene, which codes for follistatin. Acting as an inhibitor of the myostatin receptor (Joulia-Ekaza and Cabello, 2007) , the overexpression of follistatin could cause dramatic increases in muscle growth (Lee and McPherron, 2001 ). Previously, sex-specific fat free mass was found to be associated with sequence variation in the FST gene (Walsh et al., 2007) . We found a relation between rs3797297 and baseline PT IM60 with the T-allele as the predisposing allele. TTN gene polymorphisms were associated with 2B: linear regression between GPS and peak isometric knee extension strength at a knee flexion angle of 60°(PT IM60 ) at baseline. GPS is calculated based on 4 SNPs (rs2854464 in ACVR1B, rs3797297 in FST, rs3110697 in IGFBP3 and rs10497520 in TTN, n = 184). Fig. 3 . Distribution of GPS and its linear regression model with muscular phenotype changes in exercise groups after one-year training. 3A: linear regression between genetic predisposition score (GPS) and relative changes of skeletal muscle mass (ΔSMM) in the exercise groups (FIT and WBV) after one year. GPS is calculated based on 6 SNPs (rs4586 in CCL2, rs768539 in CCR2, rs6190 in NR3C1, rs2390760 in METTL21C, rs3762546 in MSTN and rs10516796 in SPP1, n = 130). Individual ΔSMM values (°) are presented on the left y-axis. The trend line shows the relation between GPS and ΔSMM. Least square means of ΔSMM in each GPS is presented as dot with standard errors presented as error bar. Distribution of participants in each GPS is presented in the histogram with number of participants on the right y-axis. Scatterplot is used to present the distribution of SMM change in each GPS group. 3B: linear regression between GPS and relative changes of peak isometric knee extension torque at a knee flexion angle of 60°(ΔPT IM60 ) after one year. GPS is calculated based on 8 SNPs (rs1130214 in AKT1, rs7354779 in DNMT3L, rs3110697 in IGFBP3, rs2228059 in IL15RA, rs1805086 in MSTN, rs162040 and rs7703033 in MTRR, and rs10516796 in SPP1, n = 104).
skeletal muscle fascicle length and marathon performance in habitually trained men (Stebbings et al., 2017) . Unlike the study of Thomaes et al. (2013) , which failed to find any relation between rs10497520 from TTN gene and isometric knee extension strength in CAD patients, our results identified the C-allele of rs10497520 as a predisposing allele of isometric knee extension strength. Finally, the VDR gene codes for vitamin D receptor, which plays an important role in calcium homeostasis and muscle function (Wang and DeLuca, 2011) . The Rs731236 variant in the VDR gene was associated with hand grip strength (Bozsodi et al., 2016) . Inconsistent with the finding of Windelinckx et al. (2007) , which showed a sex-specific relation between VDR polymorphisms and knee extension strength, our result found no significance between VDR gene and isometric knee extension strength, however the gene variant contributed to the GPS for skeletal muscle mass. The sixth variant was rs327588 within the MTRR gene that encodes for methionine synthase reductase. This enzyme with DNA methylation-related function is discussed in more detail below.
Training responses on SMM and knee extension strength were found related to 11 genes. Specifically, the MSTN and MTRR gene contributed two SNPs while other genes only contributed one. The MSTN gene encodes myostatin, a protein which negatively regulates the growth of muscle cells. Myostatin deficient mice were found to have larger muscle mass, more type IIB fibres and lower relative force generation ability than wild types (Amthor et al., 2007) . In humans, the R allele of the rs1805086 variant has been associated with lower explosive strength (Santiago et al., 2011) , but increased odds of being a centenarian (Garatachea and Lucía, 2013) . AKT, also known as protein kinase B (PKB), is a critical regulator of muscle growth through the IGF1-AKT/ PKB pathway (Schiaffino and Mammucari, 2011) . Insulin-like growth factor 1 (IGF-1) was found able to induce myotube hypertrophy through the activation of the AKT pathway (Rommel et al., 2001 ). Activation of the AKT1 transgene in mice also revealed a hypertrophy of type IIB fibres and a counteraction of lean muscle mass loss in aged mice (Akasaki et al., 2014) . These results support our finding that AKT1 gene was related to knee strength gains. The presence of CCL2 and CCR2 gene in the GPS for adaptive changes rather than baseline values supported the idea that these two genes were more related to muscle adaptations. CCL2 is expressed by macrophages and muscle satellite cells, its expression is dramatically increased following muscle damage. CCR2 is the receptor of CCL2. Previous studies have found that the expressions of both genes were associated with muscle exerciseinduced damage and the speed of recovery, which varied with individuals (Harmon et al., 2010; Hubal et al., 2010) . NR3C1 polymorphisms have been reported related to many sex-specific body composition and muscular phenotypes (Van Rossum et al., 2004) . Recently, it has been shown that NR3C1 polymorphisms (rs10482614, rs10482616 and rs4634384) were associated with muscle strength and size response after a 3-month resistance training (Ash et al., 2016) . Our results showed another SNP (rs6190) in the NR3C1 gene to be associated with knee extension strength changes after training. Methyltransferase like 21C (METTL21C) not only participated in protein-lysine methyltransferase activity but was found to affect bone and muscle metabolism as well (Huang et al., 2014) . Hangelbroek et al. found that higher expression of the METTL21C gene was associated with frailty status in both young and elderly subjects (Hangelbroek et al., 2016) while we found this gene was related to exercise-induced SMM change. The A-allele frequency in IL15RA rs2228059 was higher than C-allele in cyclists while the opposite direction of A/C allele frequencies was found in elite rowers and triathletes (Pistilli et al., 2011) . The A-allele in rs2228059 was also reported associated with larger muscle volume but lower muscle quality in men (Pistilli et al., 2008) . In our study, rs2228059 was only related to knee strength adaptation after training. A study on Duchenne muscular dystrophy patients showed the SPP1 gene as a determinant of this disease with G-allele carriers in SNP rs28357094 suffering from a more rapid degenerating progress (Kyriakides, 2011) . Although that SNP was also included in our initial SNP pool, rs10516796 came out as the only SNP in the SPP1 gene that showed close relation with muscular changes after exercise.
Noticeably, through stepwise regression, three variants (rs162040, rs327588 and rs7703033) in the MTRR gene were identified related to baseline SMM or one-year PT IM60 response. The MTRR gene expresses methionine synthase reductase which participates in the metabolic cycle that provides methyl groups to DNA (Voisin et al., 2015) . A/G heterozygotes and G homozygotes of the rs1801394 variant in MTRR gene were found more frequently in athletes when compared with nonathletes, indicating a reduced DNA methylation capacity might be induced by systematic training (Terruzzi et al., 2011) . Considering the reports of the MTRR gene affecting muscular metabolism through DNA methylation (Terruzzi et al., 2011; Zarebska et al., 2014) , we hypothesize that DNA methylation may contribute to the variability of muscle adaptations induced by exercise. Subjects with more predisposing alleles of the MTRR gene (C allele in rs162040 and G allele in rs7703033) may trigger a larger extent of DNA hypomethylation in the MTRR gene region which leads to an upregulation in myogenic proteins (Terruzzi et al., 2011) after one year training, resulting in a higher improvement of knee extension strength. We also observed an association between the DNMT3L gene variant rs7354779 and knee strength change after exercise. Suetake et al. observed in mice that DNA (cytosine-5)-methyltransferase 3-like (DNMT3L) plays a crucial role in the activation of DNA (cytosine-5)-methyltransferase 3A (DNMT3a) and 3B (DNMT3b), two major DNA methyltransferases responsible for the creation of DNA methylation patterns (Suetake et al., 2004) .
Limitations and future directions
It should be acknowledged that compared to more stringent measures of SMM (e.g. using DEXA, MRI), the standard error of estimate value was 2.7 kg (9%) in the application of BIA-estimated muscle mass (Janssen et al., 2000) . Greater associations may have been observed had a more accurate measure of SMM been adopted. The mild increases in SMM (2-3% increment in exercise groups) might also be related to the combined training design. Although a high resistance load of 70%-80% 1RM was used in this study, the 2.2%-3.4% one-year gain of SMM was similar to the 2.6-3.2% increase of muscle volume in the study of Van Roie et al. who only designed a 12-week pure resistance intervention for the elderly with the same load (Van Roie et al., 2017) . Moreover, in the calculation of GPS, each predisposing allele was given equal weight. This ignored the fact that every genetic variant might contribute differently to muscular phenotypes. Other GPS calculation methods, such as total weighting genotype score (Massidda et al., 2014) , LASSO and Elastic Nets (Abraham et al., 2013) can provide new ways to study the relation between sets of gene variants and aging muscle. Noticeably, through stepwise regression in the selection of data-driven SNPs, this study failed to identify some genes which were previously reported to be associated with muscle and power performance, such as rs1815739 in ACTN3 gene (Papadimitriou et al., 2016) and rs4253778 in PPARA gene (Petr et al., 2014) . This might be due to the interaction with other SNPs or be related to the fact that the ACTN3 R allele is more strongly related to dynamic contractions at high velocities (Papadimitriou et al., 2016) compared to maximal isometric strength as was measured in this study. GWAS-identified gene variants would certainly strengthen the set of candidate-gene based variants to build genetic predisposition profiles for trainability phenotypes (Ghosh et al., 2013) . SNPs identified in a recent GWAS study for grip strength would have provided additional loci beyond the SNP pool in this study (Willems et al., 2017) . Given that our sample was limited in size, the GPS-construction phase and test for predictive value was done in the same set of subjects. The predictive value of the GPS should therefore be tested in an independent study with similar subject and exercise intervention characteristics in a first phase, and in other exercise interventions or subject characteristics in future studies. The one-year intervention design of the study limited the sample size to 104 (200 for baseline values). A power of 80% (at alpha = 0.05) can be reached with effect sizes of 0.26-0.30 (ANOVA test for a single SNP) or explained variances of 4-8% (GPS for regression). A larger sample would therefore be able to include more SNPs with smaller effect sizes in the GPS, which could explain the inter-individual differences in muscular fitness and responses to training to a larger extend.
The focus of this study was on the role of a genetic profile based on candidate gene variants for muscle mass and strength phenotypes and responses to training. However, gene variants related to aerobic phenotypes (e.g. peakVO 2 ) might be different depending on selected gene sets and on the specific mode of training (Timmons et al., 2010) . This indicates that genes associated with muscle adaptations in our study might not be a robust predictor of adaptations in aerobic capacity from the same population. Subjects with limited strength responses might be high-responders in aerobic parameters in response to this mixed-type intervention. We explored this by adapting the GPSs (based on muscle strength/mass related phenotypes) to the change in peakVO 2 that was also available in these subjects and hypothesized a negative relationship. However, the results showed that the GPSs for ΔSMM and ΔPTIM60 were not significantly related to the aerobic adaptation in this sample (p = 0.23, p = 0.49, respectively) with estimated coefficients of 1.13 and − 0.48. It would be more optimal to genotype GWAs-identified SNPs and candidate-gene variants related to aerobic performance and adaptations and to explore specific GPSs for these aerobic fitness response phenotypes.
Figs. 2 and 3 of the GPS distribution and its linear regression with muscular parameters also showed individual variability among subjects within the same GPS group. The smallest standard error of muscular changes was 1.02% in ΔSMM under the GPS group of 6 while the largest standard error was found as 6.61% in ΔPT IM60 with the GPS group of 5. Such findings imply that other unknown exercise-related genes are involved in the process and it suggests that genetic composition is not the only factor to affect muscular training responses. In fact, the expression of a gene can also be affected without the alteration of genetic sequence, this process is known as epigenetics (Bird, 2007) . Many external factors, such as nutrient intake, activity level and living environment can contribute to the modification of DNA (de-)methylation (Hanson and Gluckman, 2014) . The involvement of sequence variants in MTRR, DNMT3L and METTL21C genes discussed above also suggested the existence of epigenetics in training adaptation processes. Furthermore, Barrès et al. have reported a global hypomethylation and reduced methylation levels in promoter regions of energy metabolism related genes (PGC-1α, PDK4 and PPAR-δ) in human muscle biopsy after an acute peak pulmonary oxygen uptake rate test (Barrès et al., 2012) . Thus, further research on the relation between epigenetic factors and aging muscle and its responses to exercise is needed.
This study only focused on genetic effects, which is a relatively popular field in the study of muscular training responses. To strengthen the understanding of genomics in effects of exercise in elderly, further research on the epigenome, and integration of transcriptomics, proteomics and metabolomics are needed Yan et al., 2017) . Muscular phenotypes adjusted for daily physical activity and nutrient intake could make the conclusions more convincing as well.
Conclusion
In conclusion, based on a 170 muscle-related SNP pool, we found that a data-driven GPS was positively related to baseline isometric knee strength and adaptive changes of muscle mass and knee extensor strength after one-year exercise in a healthy elderly population. Specifically, the GPS explained part of the inter-individual variance of training response with some DNA methylation-related genes involved in the adaptive process. These findings provide additional genetic explanations for individual differences in exercise-induced changes. Further research into the role of DNA methylation effects on training adaptations are also suggested.
Supplementary data to this article can be found online at https:// doi.org/10.1016/j.exger.2018.06.030.
